In the early stages of product development, engineers search for several different solutions to a design problem, which can then be further detailed and evaluated. This is due to little or fuzzy information about the product at this early phase of product development. The aim of this paper is to support this searching process with automated structural optimization. This is achieved by a combined approach of continuous topology optimization and stochastic algorithms. Computational results are presented and compared with results obtained by pure topology optimization.
Introduction and motivation
Due to globalization, today's companies are under pressure to reduce costs and time for product development and the resulting products. These costs mainly incur in the late stages of the product development process, but they are defined in the early stages. According to Anderson (2014) , 80% of the product costs are determined by the end of the design phase and even 60% of a product's cumulative lifetime cost are defined by the concept phase. The problem of these early stages is described by the design paradox (Ullman, 2010) , shown in Figure 1 . 
Finding the basic approach
In order to be able to apply structural optimization methods for the search of different structural solutions in the early stages of product development, the approach used must fulfill various requirements. First, it is necessary for the algorithm to be able to produce several different variants. Secondly, it is important that the method is capable to handle models with low detail and little or at times fuzzy information. The first requirement implies that deterministic algorithms are more or less unsuitable for the search for multiple solutions in product development. The reason for this lies in the intrinsic property of deterministic algorithms to provide identical solutions for the same input variables. In addition, the solution space covered by the individual iteration steps is rather small. The use of stochastic optimization appears to be much more promising. By using random processes to search the solution space (Arora, 2007) , stochastic methods have a higher chance of finding the global optimum. In deterministic methods, this probability is strongly dependent on the starting point of the optimization. What is more important for this work, however, is their ability to search a wide area of the solution space and generate a large number of different solutions. This approach, however, results in a higher computational effort. Especially for multi-objective optimization tasks, stochastic methods are able to offer a set of infinite solutions, called the Pareto optimal set (Madeira et al., 2006) . The solutions in this set are characterized by the fact that the value of at least one objective can only be reduced if the value of the other objective increases. Still, stochastic algorithms used in structural optimization usually work with parametric models. These models usually have a high degree of specification and require a high level of knowledge and information. In order to determine how the second requirement can be fulfilled, different types of structural optimization are examined. Figure 2 shows three categories of structural optimization, namely size, shape and topology optimization:
 Size optimization: Only the cross sections of the structure are changed (Céa et al., 2000) .  Shape optimization: The optimal form of the oriented boundary curves of the structure's body is searched (Bendsøe, 1995) . The insertion of new structural elements such as cavities and struts is excluded (Schumacher, 2013) .  Topology optimization: The optimal distribution of matter in a givens design space is searched. (Duysinx, 1996) Within these three categories of structural optimization, the topology optimization meets the requirements of the early stages of product development best because it requires the least amount of information to be performed. In addition to the information of the design space, the applied loads, and the given boundary conditions, topology optimization doesn't operate on predefined configurations, like size or shape optimization. However, topology optimization usually applies deterministic algorithms, which will not contribute to a large variety of variants. In order to make use of automated structural optimization for the search of variant solutions in the early stages of the product development process and to avoid the disadvantages of deterministic algorithms a topology optimization method using stochastic algorithms is chosen.
Topology optimization with stochastic algorithms
The topology of a structure is the arrangement or positioning of its structural elements (Eschenauer and Olhoff, 2001) . Accordingly, topology optimization of continuum structures operates by determining for every structural element of the design space whether there is material in the regarded element or not. In the case of FEM discretization, the finite elements represent potential gaps or parts of the supporting structure (Bendsøe, 1995) . The aim of this approach is to find the optimum distribution of material
within a specific domain, taking into account the existing loads and boundary conditions (Garcia-Lopez et al., 2011) . One way to classify the topology optimization is to differentiate between microstructure and macrostructure approaches (Eschenauer and Olhoff, 2001 ). The microstructure approaches are based on the principle that the space to be optimized is divided into small areas. Various families of structural topology optimization methods using the microstructure approach have been developed (Bulman et al., 2001) . One of the most established families of methods is based on the homogenization method proposed by Bendsøe and Kikuchi (1988) , in which the design space is represented by a sponge-like material with infinite micro-scale cells with rectangle holes (Wang and Tai, 2005) . Consequently, the optimization algorithm operates on the size and orientation of these holes, which determine the material properties. A disadvantage of this method is the large number of parameters that have to be considered for optimization.
To overcome this, Bendsøe (1989) introduced an approach, which adopts the relative density of each element as the design variable. This approach is called SIMP (Solid Isotropic Micro-structure with Penalization) method (Rozvany et al., 1992) and assumes uniform material properties within each element (Wang and Tai, 2005) . The values of the relative density range from 0 (void elements) to 1 (solid element). This raises the issue that values between 0 and 1 are not well transferable to real isotropic material (Rozvany, 2009) . In order to circumvent this problem, penalty functions are used that penalize values of relative density between 0 and 1 and thus force the solution to a more feasible design.
In the class of macrostructure approaches, the design space to be optimized is not considered microstructured but as solid isotropic material. Topology optimization is performed in combination with shape optimization and thus the topology of the solid body can be altered by adding or removing material or by inserting holes (Eschenauer and Olhoff, 2001 ). The method proposed by Eschenauer et al. (1994) applies an alternating procedure of shape optimization and positioning of new holes. These holes are called "bubbles". The shape optimization of these bubbles and of other boundaries of the structure is carried out as a parameter optimization (Schumacher, 2013) . To evaluate the solutions of the different iteration steps an automated re-meshing of the structure is required. In order to overcome local optima and to have a broader scan of the possible solution space, topology optimizations with stochastic algorithms were developed. A large number of these studies use genetic algorithms based on Darwin's theory of evolution by natural selection. These optimization algorithms operate on artificial organisms of a population by means of evolutionary mechanisms (Chapman, 1994) . These mechanisms include genetic operators that modify the gene pool of populations that consists of genetic representations of the individual organisms. Every organism represents a solution that is more or less fit to meet the particular problem (Goldberg, 1989; Gen and Cheng, 2000) . The genetic operators are:  Selection, which picks solutions of the population for reproduction. The fitter the solution, the more likely it is to be picked.  Crossover, which randomly selects two solutions for recombination to a new organism.  Mutation, which randomly alters the genome of organisms (Mitchell, 1998) .
To examine whether these algorithms can be used for continuous topology optimization, some research has already been carried out (Jensen, 1992; Chapman, 1994; Wang and Tai, 2005; Chen and Chiou, 2013) . Most of these methods apply the microstructure approach, where the design space is discretized into finite elements. The design variables are the states of each element, which can contain either material or can be void. This avoids the problem of intermediate densities. With this binary representation each chromosome in a genetic algorithm population controls the material-void states of the elements in the design space (Chapman, 1994) . A major task using these approaches is to ensure structural connectivity between the elements with full material. This is related to the problem of checkerboard patterns. Another problem are the computational costs, which depend among other things on the number of design variables. A high number of design variables results in high computational costs and because the number of design variables is equal to the number of elements, genetic algorithms were mostly applied to small models with few elements. Similar approaches to perform continuous topology optimization with other stochastic algorithms have been proposed. Algorithms that have also been studied include among others binary particle swarm optimization (Luh et al., 2011) , simulated annealing (Bureerat and Limtragool, 2008; Garcia-Lopez et al., 2011) , and ant colony optimization (Wu et al., 2009) . In order to take advantage of stochastic algorithms and continuous topology optimization while avoiding the disadvantages, a combined approach was chosen.
The proposed method
The proposed method uses a combination of macrostructure and microstructure optimization as a new approach not just to find the best solution, but a set of solutions with similar properties but different structural characteristics. This enables the engineer to pick the solutions, which he thinks are worth detailing. The applied algorithm is composed of an outer and an inner optimization loop. The outer optimization applies a genetic algorithm to execute a parameter optimization of macrostructures to manipulate the design space, whereas the inner optimization uses topology optimization based on the SIMP approach to find optimized structures of this altered design space. Thus, the outer optimization loop forces the topology optimization to find constantly new structures. In detail, as shown in Figure 3 , the algorithms start with the initialization of the first population by randomly generating parameters that determine the shape and position of the macrostructures. In the next step, these macrostructures are injected into the design space and thus create several variants of the design space within the population. Afterwards, continuous topology optimizations are carried out on each individual. Based on these results, the fitness of each individual is assigned. The next step checks if the termination criterion is reached. If this is not the case, a new generation is created based on the previous population by means of the already discussed genetic operators. 
Implementation
To perform the proposed task three already existing software applications operating with numerous file types are used. Table 1 shows a summary of these software applications and what task they perform during the optimization process. The starting point of the optimization process is a finite element (FE) model, which contains the discretized unaltered design space, the applied loads, and the boundary conditions. The CAE system Altair HyperMesh is used to build this model and for pre-processing the topology optimization. The FE model is used as a template for all upcoming individuals. The software application that is used to perform the parameter optimization using genetic algorithms is called NOA (Natural Optimization Algorithm). NOA supports selective methods of ADT and it can be divided into two parts. The first part is in binary form and generates solutions in the form of parameter combinations. The second part is a batch file that is called from the first part. It executes the various software applications involved and takes care of the different result files that are generated during the process. NOA has been developed at the Chair of Information Technologies in Mechanical Engineering in Magdeburg (Vajna et al., 2007) . Based on the parameters generated by NOA, macrostructures are injected in the design space of the template model of Altair HyperMesh automatically by running scripts using the programming language Tcl (Tool command language) to create the different individuals of a population. The two kinds of macrostructures used in the implemented process are holes and non-design spaces, whereby the nondesign spaces are domains of the model, which are kept unchanged during topology optimization. This leads to the fact that elements of a non-design space contain full material at the end of the optimization. Due to the fact that the injection of the macrostructures operates on the already meshed FE model, a remeshing isn't necessary. The topology optimization and the following FE analysis are performed by Altair OptiStruct. In the current setting this is done sequentially for each individual of a population, but future parallelization of this process is aimed at (Wünsch, 2017) .
Examples and validation
In order to show that the proposed method is feasible, simple tests were carried out as proof of concept. The model being tested has a two-dimensional square design space, which is fixed at two points and to which a force is applied at the top right corner. The design domain is shown in Figure 4 .
Figure 4. Design domain
At the beginning of the research, a simple topology optimization was conducted, which serves as a reference object for the evaluation of the results of the proposed method. The optimization objective was the minimization of the compliance, with a reduction of the mass by 70% of the initial mass. Figure  5 shows the resulting structure. In this figure the red areas consist of elements with full material respectively a density of 1 and the blue areas represent void elements with a density of 0.
Figure 5. Resulting structure of the topology optimization
Initially, the proposed method was applied in two test series. At one series, one hole and at the other series one non-design area were injected as macrostructures into the design space. The design variables of the outer optimization (the parameter optimization using a genetic algorithm) are derived by the shape and the position of the respective hole respectively the non-design area. Since both macrostructures are circular, the shape depends only on its radius r. The position of the macrostructure is determined by the x and y coordinates of its center point. The corresponding coordinate system is located centrally at the design space (Figure 6 ).
Figure 6. Design space injected by a) a hole and b) a non-design area
In these test series of the proposed method the optimization objective of the outer parameter optimization was also to minimize the compliance of the structure. Both objective and constraints of the inner topology optimization were the same as for the already mentioned pure topology optimization. The resulting solutions of which the structures differ the most from the structure of the pure topology optimization are shown for holes in Figure 7 and for non-design areas in Figure 8 . It can be said that in these experiments the effects of holes in the design space were greater than the effects of non-design areas. One explanation for this is the fact that in many topology optimization solutions the non-design areas were not linked to the load-bearing structure (Figure 9 ). This was especially the case when the injected macrostructure was too far away from the solution of pure topology optimization.
Figure 9. Example of a non-design area not linked to the load-bearing structure
Based on these findings, an optimization was set up that combines both approaches by simultaneously injecting two holes and two non-design areas into the design space. Consequently, the parameter optimization operated with 12 design variables. The population size was set 20 and the maximal number of generations was 200. Figure 10 shows the course of the generation's averaged compliance during the optimization. It shows that the compliance is steadily improving up to the 100th generation. Fluctuations of the graph can be traced back to the random insertion of solutions with very compliant structures into a new generation.
Figure 10. Course of the generation's averaged compliance during optimization
If looking at the results, one can see that the proposed method was able to find solutions that were superior to pure topology optimization. The best solution was 8.44% less compliant than the reference solution. This implicates that this approach is able to increase the quality of solutions compared to simple topology optimizations. However, it has to be stated that this also linked to much higher computational costs. Figure 11 shows the four best solutions. It is noticeable that these structures are very similar and differ only slightly from the reference solution. In the process of the optimization, further unique solutions originated. Figure 13 shows four unique solutions that differ from the reference solution. Furthermore, three of the four structures have a similar compliance than the reference solution. This shows that the approach is capable of generating solutions of the same value but with different form and of providing a set of feasible solutions. 
Future work
The first experiments to validate the proposed method used a simple two-dimensional model with a square design space. This resulted in a simple positioning of the macrostructures, which as circles also had a simple form. The aim of the research is to be able to use the discussed approach with any proposed design space. Consequently, the next research steps will deal with enhancement of the design space to the third dimension.
In addition, it is worth looking at other shapes of macrostructures, which would require other positioning and shape controlling parameters. Using parameter optimization similar to the bubble method in combination with continuous topology optimization could gain interesting results. In this approach, a genetic algorithm was used to alter the parameters of the macrostructures. The strategy of using other stochastic algorithms like ant colony optimization, particle swarm, or simulated annealing is worth pursuing. Furthermore, the experiments have revealed a necessity for the realization as a feasible tool in product development. The algorithm or the user somehow has to be able to evaluate the difference between two structures objectively, not only by the value of the compliance or other mechanical parameters but by a value, that represents the difference between at least two forms of structures. Generally speaking, this value would represent the pure structural diversity of the population. This issue merits further study.
Summary
This paper presented an approach to support the engineer in finding many structural solutions during the early stages of the product development process by using automated structural optimization. The task was to create a set of various solutions that are roughly equal in value but of different form.
After considering various types of structural optimization, a method was proposed. It uses a combination of parameter optimization with stochastic algorithms and continuous topology optimization. The corresponding framework uses two optimization loops to fulfill the task. The outer loop consists of the parameter optimization, which injects macrostructures into the design space of the FE model, the inner loop runs the topology optimization with this altered design space.
To validate this proposed method various software applications were implemented. In addition, a genetic algorithm was set up to perform the parameter optimization of the outer loop. Furthermore, non-design areas and holes were introduced as possible macrostructures in a two-dimensional design area. The optimization objective of these studies was to minimize the compliance of the structures. The first results of this method show that using holes as macrostructures has a greater impact on the resulting structures than non-design areas. In addition, the proposed method generated new solutions that differ greatly from the reference structure of the pure topology optimization. In the end, the capability of this method to produce various solutions with similar value but different form could be confirmed. Although, in regard to the optimization objective most of these solutions were not better than the one based on topology optimization but due to the fuzzy nature of early stages of product development, these solutions don't have to be inferior considering the overall goal of the product development process.
